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Prediction of Vehicle Reaching Time Based
on Representation Learning
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Abstract: With the rise of smart transportation, people’s demand for efficient travel is increasing. Therefore, the search
for better models to estimate vehicle travel time has become a top priority. Since the traffic system has a strong nonlinearity
and is affected by various factors such as weather and time, this paper proposes a multimodal fitting model based on repre-
sentation learning, considering historical traffic flow information and current road conditions. This article regards the esti-
mated time of arrival (ETA) problem as a regression problem based on a set of pure spatiotemporal sequences with a large
number of effectivefeatures, and uses different machine learning models to solve each part of the regression problem. The
model is trained through the data of Didi, and the respective advantages of SDNE (Structure Deep Network Embedding) ,
LSTM(Long Short-Term Memory), xDeepFM(eXtreme Deep Factorization Machine) algorithms are fully utilized. Finally,
the comparison test shows that the model proposed in this article is superior to the traditional deep learning algorithm.
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